Changes in gene expression provide a valuable frame of reference for explaining the development and progression of cancer. Many tissue types radically alter their gene expression profile after becoming oncogenic. We evaluate this change in gene expression in 8 different cancer lines by comparing their expression profiles to that of their associated differentiated tissues as well as profiles for proliferative human embryonic stem cells. We find that, for non-proliferative tissues, the alterations in expression after oncogenesis result in a profile that is significantly more similar to the embryonic expression profile than to the original tissue profile. We also find that the lists of co-similar spots among embryonic and tumor cells are clustered within gene regulatory, protein interaction and metabolic networks. There is however little overlap in these lists between cancer lines and no pattern shared among all cancers in this analysis. We conclude that the manner in which cancers instantiate a proliferative pattern of expression following oncogenesis is diverse and we find no uniform proliferative program among the cancers in this analysis.
Background

1
Multicellular organisms maintain numerous systems for controlling the organization and 2 development of their constituent cells [15] . These checks are necessary in organisms that 3 use cell differentiation to build complex organ systems and morphologies [24] . 4 Individual cells are programmed to first follow a developmental course and then assume 5 particular functions through a combination of genomic control, epigenetic imprinting 6 and various fate-determining signaling pathways [38] . As a result, relatively few cells in 7 an adult multicellular organism are programmed to grow and divide without 8 restriction [6] . However, one or a series of mutations, gene deletions, gene duplications, 9 or epigenetic changes can break this delicate control system, resulting in proliferative 10 cancer cells that follow a program of unrestricted division [44] . In the early stages of 11 this change, it is expected that tumor cells have not evolved a new proliferative cellular 12 program ad hoc, but through a series of mutations, primarily in the signaling and 13 regulatory pathways, that return these cell lines to an existing proliferative program 14 already encoded in the genome, a program that exists to facilitate embryogenesis. 15 However, while this general picture is reasonable, understanding the precise details 16 by which one or more mutations give rise to the known cancer phenotypes (the 17 genotype to phenotype mapping problem) has proven to be a distinct challenge. 18 Moreover, such knowledge would be of more than academic interest, as improving our 19 understanding of this process could facilitate predictive phenotyping from tumor 20 resequencing or improved drug design and targeting [33] [1] [41] . 21 One approach to the problem has been genetic: the identification of risk alleles for 22 cancer in populations. For instance, GWAS studies should help identify loci involved in 23 the original oncogenic transition because individuals with pre-existing variation here 24 would be at higher risk of certain cancers. However, despite their promise, the risk 25 increase effect sizes in GWAS studies for cancers are low, with very few regions 26 co-occuring across cancers [13] . Furthermore, studies of genomic breakpoints (i.e., 27 common rearrangements) in resequenced cancer genomes are highly diverse and display 28 non-overlapping patterns among cancers [28] . The determination of a specific set of 29 genes, that in high or low copy number generally lead to oncogenesis is a current 'dark 30 area' in the data from the massive cancer genome projects [14] . 31 Strikingly, while the genetics of cancers have proven complex and dissimilar across 32 cancer types [41] , there have been observed some important common phenotypes [22] . 33 One of the most important of these common changes is tumor cells' switch in their 34 primary mode of sugar metabolism. In particular, while most (resting) cells in the body 35 prefer to respire sugars to carbon dioxide and water using oxidative phosphorylation in 36 the mitochondria, tumor cells are much more likely to ferment those sugars using only 37 glycolysis. This change is not minor: oxidative phosphorylation as a primary mode of 38 metabolism appears to have been ubiquitous in the 1-2 billion year historical span 39 covering eukaryotes and may well be the causal explanation for their uniquely complex 40 genomes [27] . The precise importance of this Warburg effect is still imperfectly 41 understood [29] , but one surprising connection it suggests is to cells in the body that 42 are supposed to divide rapidly: embryonic stems. These cells also display Warburg-like 43 phenotypes [25] [37]
44
The extent to which this intimate connection between the metabolism of cancer and 45 embryonic cells is the result of an epiphenomenal coincidence or a necessary functional 46 convergence driven by natural selection pressure is unknown [2] Several studies have 47 drawn conclusions about this relationship through the comparison of a limited number 48 of cancers to normal tissues, but, to our knowledge, none has directly made the requisite 49 three-way comparison of tumor, tissue and embryonic cells, despite the existence of a 50 surfeit of next-generation sequencing and gene expression data now available.
51
Here, we seek to evaluate the expression profiles of various cancers with the 52 expression profile of embryonic stem cells and adopt an explicitly network-based 53 approach. Our goal is to evaluate the hypothesis that many tumor cells undergo a 54 reversion to an embryonic pattern of gene expression. In principle, such a change might 55 result from parallel changes in the expression in particular genes or by convergence at a 56 higher organizational level.
57
Methods
58
Microarray Data Collection
59
We used gene expression data from 3 cell classes in this analysis 1) Each microarray experiment was normalized and error corrected using a robust multi-array average [21] . To allow values to be comparable among arrays the value for each spot intensity was then transformed by taking the intensity of spot i and dividing it by the sum of the intensity of all spots in that experiment:
code for this transformation is in the function transformAffyData in AffyDistance.
80
For each probe id in each class of experiment (tumor, normal and proliferative), a generating false-positives. One way of to reduce the number of potential false-positives 108 is the Bonferroni-correction where α = 1 − (1 − α) 1/k , the value of which is exceedingly 109 low for this set of experiments, of the order α = 1.83x10 −7 . There is a high likelihood 110 of generating false-negatives under this strategy. To minimize the trade-off between 111 missing coexpressed genes and spuriously reported coexpression among embryonic and 112 tumor expression profiles, we randomly reassigned the three cell classes (cancer, normal, 113 and proliferative) for each expression value for each gene 1000 times. For each dataset, 114 we used a 2-sample Wilcoxon-test of difference to compare the randomly reassigned
115
"embryonic" and "cancerous" cell classes to the "normal" class. We then sought to 116 determine the highest α-value that resulted in no pair of randomly reassigned genes 117 being judged as statistically significant (see Figure 1 ). This α-value was then used for 118 each cancer-normal paired dataset. In cases in which the cancer and embryonic 119 expression values were found to be closer than the cancer and normal expression sets and 120 normal and embryonic expression sets, a 2-sample Wilcoxon-test (using the previously 121 determined α-value for significance) was used to compare the embryonic and tumor 
Network evaluation
128
We used four networks in our evaluation of tumor/embryonic co-expression 129 (protein-protein [34] , gene regulatory [39] , metabolic [11] , and functional 130 annotation [19] ). The goal of our network analysis is to ascertain if the shared genes of 131 a pair of cell classes also cluster in these networks [12] . Since protein-interactions, 132 metabolic reactions and gene regulation all work in concert to form the cells underlying 133 machinery [23] , we also evaluated the combination of the protein interaction (PPI), 134 metabolic (MN) and regulatory networks(GRN). This combined network (hereafter CN) 135 is formally defined formally as G(v, e) = edges ⊃ {P P I, M N, GRN } .
136
We used several methods to evaluate the clustering in these networks. We measured the 137 transitivity (also known as the average clustering coefficient [43] ) for the CN, PPI, MN, 138 and GRNs. We also measured the number of connected components [18] . The statistical 139 significance of these values were evaluated by bootstrapping 107 random iterations of 140 the network and recalculating these statistics. Fully random networks tend to be a poor 141 representation of real-world networks [7] . One of the primary characteristics of real 142 networks are their power-law degree distributions [46] . Our randomization preserved the 143 number of interactions for each node, while randomized which nodes interacted. This 144 allowed us to retain each networks power-law degree distributions while still 145 randomizing the topology [42] .
146
In addition to measuring transitivity and the number and size of connected components 147 (all of which can be measured directly), we also evaluated the fit of these networks into 148 highly interconnected communities [31] . The methods for detecting these are not exact, 149 since the fit of vertices into communities is known to be NP-hard [5] . The strength of 150 communities was evaluated using a modularity statistic, which essentially measures the 151 number of edges within communities versus the number of edges between communities. 152 There were several classes of heuristics used in this approximation of maximum 153 modularity [26] . Since we are essentially choosing among heuristics we implemented 154 several of these classes, including iterative removal of edges based on betweenness [32] , 155 greedy modularity maximization [8] , label propagation [36] , and random walk [35] 156 methods. The statistical significance of these was evaluated by generating 107 157 randomized degree-preserving networks and calculating the maximum modularity for 158 using each heuristic for both the observed and random networks. Network analysis was 159 conducted using the igraph package in R [9] 160 Functional analysis of network neighbors 161 We took the list of coexpressed genes for the combined network for each cancer type and 162 evaluated the over-representation of functional classes among the largest 3 communities 163 from the using the DAVID Bioinformatics Resource [19] . We limited the annotations to 164 the Gene Ontology Biological Process and Metabolic Function annotations, and KEGG 165 Pathway annotations. We ranked and evaluated the significance of annotations using [40] . The statistical significance for 170 any given community in the network was evaluated by taking the number of edges 171 within the community for each node and the number of edges between communities for 172 each node and calculating a Wilcox rank sum statistic.
173
Results
174
Statistical comparison of expression profile distances 175 We found that expression distances between cancers and embryos were closer than 176 expression distances between normal tissues and embryos for most genes in almost all 177 the cancers (excluding pancreatic cancer: see Table 1 ). This being despite the fact that 178 cancer and normal tissue expression values were collected from the same lab and embryo 179 expression measurements were taken in numerous other labs. This trend suggests a 180 pattern of shared expression between cancer and embryo for most genes. To evaluate 181 the statistical significance of this trend, we used a binomial test with the null hypothesis 182 that the tumor and normal tissue cell classes were equally likely to have genes that were 183 close to the embryonic pattern (e.g., 50% of the time the tumor would be closer vs. 50% 184 of the time normal tissue would be closer). For tissues that can be said to be 
Lists of co-similar genes
194
For each of the non-proliferative tissues, the empirically determined α-values that Table 2 . The number of probes with co-similar expression between tumor and embryonic tissue for each cancer type at P-values determined to have fewer than 1 false positive. sapiens Recon 1 metabolic model [11] , the overlap decreases dramatically as well, with 220 the exception that 2 reactions (K+-Cl-cotransport and 3',5'-cyclic-nucleotide 221 phosphodiesterase) which overlap expression in 5 different cancers (see Figure 2) . 
Cancer type Significant probes Empirically determined P-values
Cancer networks
223
For each of the 6 cancers in non-proliferative tissues, the combined networks, 224 protein-interaction networks and metabolic networks have higher than expected average 225 transitivity (P<1e-06), meaning that the co-similar gene lists in these networks form 226 tight-knit interacting clusters (see Supplemental Table 1 ). All of the combined networks, 227 protein-interaction networks and metabolic networks also have a smaller than expected 228 number of clusters (P<0.01). This suggests a dense clustering (i.e., a small number of 229 large, highly interacting clusters), of genes that change in expression upon conversion to 230 an oncogenic phenotype (Figure 3) .
231
Unlike the previous three networks, the gene regulatory networks behave very 232 differently. In particular, the gene regulatory networks have either non-significant or 233 lower than expected transitivity and a lower than expected number of gene clusters 234 (P<1e-06). The source of this difference may lie in the structural differences between Figure 3 . Visualization of each network in gastrointestinal cancer. These visualizations show the fundamental features of each of these four networks. The gene regulatory network is has a small number of clusters and is not very highly interconnected. The protein interaction network has one large very highly interconnected cluster and many small satellite clusters (mostly made of pairs of proteins). The metabolic network has very few clusters, which are highly modular and highly interconnected. The combined network has one large highly interconnected cluster and many small satellite clusters.
gene regulatory networks instead show a strongly hierarchical structure in addition to 239 being modular. For these networks modularity refers to a distinct and non-overlapping 240 groups of co-regulated genes and their shared regulators.
241
Each of the 4 heuristics for estimating modularity (greedy, edge betweenness, label 242 propagation, and random walk ) strongly support the hypothesis of modularity across 243 the 4 network types (Supplemental Table 1 ). In other words, each type of network, 244 whatever their other differences in structure, tend to consist of distinct units with few 245 interconnections between those units.
246
Annotation of network features
247
The 3 largest combined network clusters share many of the same annotation categories 248 across all 6 cancers in non-proliferative tissues (see Supplemental Table 2 ). All of the 3 249 largest network clusters are statistically significant (within cluster edges > between 250 cluster edges: Wilcox Test: P<2.2e-16). Taking the 10 highest scoring annotation 251 clusters (based on Benjamini p-value), there are 44 categories shared between all 6 types 252 (Supplemental Table 3 ). These fall broadly into the categories: transcription, nucleic Table 5 ). This includes categories like "negative regulation of DNA 258 binding", which is a specialization of transcription and DNA binding; uninformative 259 categories like "spliceosome"; and categories like "mTOR signaling" which are expected 260 to be important in both oncogenesis and embryonic stem cell differentiation [45] [10] .
261
Discussion
262
In this study, we found that breast, colorectal, gastrointestinal, lung, oral squamous and 263 prostate cancers showed a distinct expression pattern similar to the expression pattern 264 in embryonic cells. This strategy gives us a window into the genetic underpinnings of 265 proliferative behavior in cancer. We find that the genes that share expression between 266 cancer and embryonic cells form distinct clusters. This occurs in terms of gene 267 regulation, protein interaction, and metabolism and suggests that these clusters are 268 functionally significant. Despite this similarity in the formation of gene clusters, the 269 clusters themselves and the genes of similar expression underlying them show, very little 270 overlap between the different types of cancer. It is unknown whether this lack of overlap 271 is due to the random nature of oncogenic events, (e.g., mutation, gene duplication and 272 deletion, or epigenetic changes) the selective microenvironment in which the cell resides 273 or the limited overlap in expression among the original associated tissue. However, each 274 of these cancers express a large set of genes in patterns similar to those seen in embryos. 275 Despite this similarity, we find very few patterns emerging in cancers generally. This is 276 not solely a function of scale, since we consider variation in gene, protein, and metabolic 277 reaction. At each of these scales, the overlap sometimes shared across two or more 278 cancer types but rarely across more than that.
279
We assert that cancer cells are individuals, from an evolutionary point of view [30] , and 280 that cancer phenotypes are, at that scale, not only functional, but potentially selectively 281 advantageous [4] . This presents something of a paradox. This year millions of people 282 will get cancer. Yet, the manner in which cancer emerges is due to complex interactions 283 between a large number of heterogeneous external factors (smoking, solar rays, relatively limited space for evolution to operate, it may be surprising that cancers are 288 often able to dramatically change their expression profiles and phenotypes.
289
One possible explanation for why cancers do rapidly evolve and share so many aspects 290 of their phenotype (the so-called hallmarks of cancer ) is that cancer is the result of a 291 small and simple set of aberrant genetic/protein/metabolic changes. Our results argue 292 against this, as do the low effect sizes among GWAS studies. We find very little overlap 293 in gene expression among the cancers in our study, whether we consider individual gene 294 coexpression, proteins co-occurrence, or metabolic interactions. We hope that further 295 analysis will be able to follow up this work and evaluate the extent to which the 296 similarities between the programs of proliferation in embryos and tumors are superficial 297 or causal. We also hope that work in this area will lead to a more thorough and Figure 1) , the expression is co-similar between tumor and embryo. 10000 degree distribution-preserving random networks, fewer than 100 had a higher value (for transitivity/modularity) or a lower value for number of clusters ≈ P < 0.01 ** in 10000 degree distribution-preserving random networks, fewer than 10 had a higher value (for transitivity/modularity) or a lower value for number of clusters ≈ P < 0.001 † Maximum value of iterative removal of edges based on betweenness [32] , greedy modularity maximization [8] , label propagation [36] , and random walk [35] heuristics 
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